those involving colleagues, neighbors, and acquaintances (DiPrete et al. 2011; Moody 2001) . For various reasons, however, it is particularly important to study segregation among weaker ties, as they relate to a myriad of sociologically relevant issues. A classic argument is that such weak ties provide novel information on job openings and hence link to labor-market outcomes and the societal distribution of wealth (Granovetter 1973 (Granovetter , 1983 Lin 1999) . Second, when not only core networks but also people's extended networks are homogenous-whether in terms of ethnicity, race, religion, gender, or other characteristics-intergroup trust might be undermined (Fukuyama 1995; Gambetta 1988) , and negative intergroup attitudes may prevail, as they are not challenged by personal encounters (Allport 1954) . A rich body of literature suggests that even superficial contact (i.e., weak ties) between members of different ethnic groups has the potential to reduce intergroup prejudice (Pettigrew and Tropp 2006) . Furthermore, the co-evolution of homophilous network selection and social influence can result in "echo chambers"-in which people are increasingly surrounded by like-minded people (Halberstam and Knight 2016) -and intergroup polarization of opinions and attitudes (Mäs and Flache 2013) .
The lack of research on diversity among weaker ties is mainly due to methodological difficulties of gathering information that includes both strong and weak ties. To our knowledge, the only study on segregation among weak ties is by DiPrete and colleagues (2011) . Using the 2006 General Social Survey (GSS), they found that Americans' "acquaintanceship" networks (i.e., weak ties) are approximately as segregated as their "trust" networks (i.e., core ties) along racial, political, and religious lines. They measured weak ties using network scale-up methods, in which respondents were asked to estimate the number of people with whom they are acquainted along racial, ideological, and religious lines in various contexts (e.g., neighborhoods). This method suffers from two limitations. First, although people are asked to think about their acquaintances in specific contexts, there may be selectivity in network recall ability (Brashears, Hoagland, and Quintane 2016) . Second, the results may be affected by social desirability biases or "misperception or masking of behaviors and opinions that Americans think would be disapproved of by their associates" (DiPrete et al. 2011 (DiPrete et al. :1272 .
We propose that the study of online social networks provides new opportunities to examine the segregation of large personal networks, including networks with stronger and weaker ties. An important advantage over the scale-up method is that online networks map networking behavior up to potentially thousands of contacts, without restrictions to specific contexts. As such, online networks are less prone to recall bias and other misperceptions.
Social media has experienced a remarkable rise to prominence over the past decade and is increasingly used to maintain interpersonal relationships (Ellison and boyd 2013) . Initially, the popular belief was that such platforms, of which Facebook is the prime example, "would open up the vista of a social world that was intrinsically unlimited in size" (Dunbar et al. 2015:39) . These online networks could supposedly be used to mitigate the social segregation typically found in offline friendship networks (Rainie and Wellman 2012; Robinson et al. 2015) , as users are not restricted to exclusively befriending others from the schools they attend, from the neighborhoods in which they live, or from their offline activities.
Recent empirical research contradicts such beliefs about the promise of social media. Instead, this work shows that large online networks are indicative of an individual's complete set of offline relationships. For instance, early studies among U.S. college students found that only .4 percent of online friendships are online-only (Mayer and Puller 2008) , and college students use online networks to maintain and strengthen their offline relationships but rarely to initiate new contacts Lampe 2007, 2011) . Moreover, 80 percent of social network site users state that they use such social platforms to stay in touch with their offline ties . Similarly, 77 percent of adolescents report that they befriend others online only when they have met them offline . In a study of Swedish adolescents, 77 percent of friends were friends both offline and online (Van Zalk et al. 2014) . U.S. adults indicate that their online network friends are predominantly family, current and past friends, neighbors, and colleagues (Duggan et al. 2015) . Furthermore, the structure and size of offline and online networks are similar (Dunbar 2016; Dunbar et al. 2015) . Finally, studies conducted among U.S. college students find similar high levels of segregation by ethnicity and race on Facebook as is found on campuses (Lewis, Gonzalez, and Kaufman 2012; Lewis et al. 2008; Mayer and Puller 2008; Wimmer and Lewis 2010) .
The overlap between online and offline social networks provides a number of opportunities for sociological research: it enables the study of a large portion of overall personal networks, including small samples of core ties and far larger numbers of weaker ties. Empirically, it is relatively easy to collect data on online interactions, such as the data documented on Facebook, as the platforms generate time-stamped, digital footprints of all their users' relationships (Golder and Macy 2014) .
To illustrate this new approach to the study of segregation in social networks, we consider the Facebook networks of adolescents in the Netherlands. Because prior research shows that adolescents' strong-tie offline networks are highly segregated in terms of both ethnicity (e.g., Baerveldt et al. 2004; Vermeij et al. 2009 ) and gender (e.g., Lubbers 2003; Shrum, Cheek, and Hunter 1988; Smith and Schneider 2000) , we first consider whether we find similar patterns of ethnic and gender segregation among the larger number of contacts in online networks.
Second, we examine the conditions under which ethnic and gender segregation of the extended network occur. Because previous research focuses exclusively on tie formation and segregation among core ties, there is little empirical evidence of the determinants of segregation among larger sets of network ties. In this study, we take the first steps to provide such evidence. As our theoretical point of departure, we engage classic network theories that are commonly used to explain segregation among core ties. Specifically, we consider the role of relative group size (Blau 1977a (Blau , 1977b , foci (Feld 1981 (Feld , 1982 (Feld , 1984 , homophily (Byrne 1971; Lazarsfeld and Merton 1954) , and balance (Heider 1946; Krackhardt and Handcock 2007) , and we show their relevance in explaining segregation among hundreds of social relationships. As such, we contribute to the understanding of processes that underlie segregation in large networks while simultaneously testing existing, fundamental hypotheses in novel ways.
Third, we explore the differences in segregation between core networks and larger networks, because some scholars speculate there may be disparities in segregation among core and weaker ties (e.g., Blackwell and Lichter 2004; Granovetter 1973 Granovetter , 1983 Mollenhorst, Volker, and Flap 2008; Putnam 2000; Son and Lin 2012) , although few studies have empirically studied this. Our study is among the first to elaborate and empirically test the conditions and mechanisms that create differences in the levels of segregation among core networks and larger networks.
ONliNE SOCiAl NETwORKS
We used a general survey of Dutch adolescents (Kalter et al. 2013 (Kalter et al. , 2015 and linked these data to respondents' online Facebook networks in 2014. In doing so, we provide novel and detailed knowledge of respondents, their core networks, and their larger online networks. Previous studies of online social network segregation have used selective samples of Facebook friendships from U.S. colleges in 2005 (Mayer and Puller 2008 Wimmer and Lewis 2010) . At present, Facebook friends represent a wide range of social ties, such as family members, friends, and neighbors, and Facebook is the largest social network site worldwide, with approximately one billion daily users (Facebook 2015) . Among adolescents in the Netherlands, Facebook is the most popular social network site; over 95 percent of Dutch adolescents have an account (Hofstra, Corten, and Van Tubergen 2016a) .
Social networks emerge on Facebook when users send friendship invitations to other users, who can accept or decline the invitation. An accepted invitation shows an undirected, reciprocated friendship between two users. On Facebook, all relationships displayed on friend lists are indistinguishable with regard to tie strength (Lewis et al. 2008) . Nevertheless, considerable evidence suggests that the number of "best" friends does not exceed 5 to 10 people. Research also suggests that a cognitive limit prevents a person from maintaining more than approximately five close relationships (e.g., Dunbar et al. 2015; Roberts et al. 2009; Zhou et al. 2005 ). In addition, 95 percent of Americans reported fewer than six confidants (i.e., core ties) in the 1984 GSS (McPherson, SmithLovin, and Brashears 2006 . 1 The average of 336 friends in our online network data thus suggests that most of the sample's online friends are weak rather than strong ties. At the very least, we capture a large portion of an individual's complete personal network; thus, we clearly go beyond the small number of core social ties. This assumption is supported by estimates suggesting that depending on the methods used, the average size of overall personal networks range from 150 (Hill and Dunbar 2003) to 750 (Zheng, Salganik, and Gelman 2006) contacts.
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THEORy ANd HypOTHESES
A substantial literature examines how offline social ties form and why network segregation occurs (e.g. , Blau 1977a; Centola 2015; Feld 1981; Kalmijn 1998; Kossinets and Watts 2009; McPherson et al. 2001; Mouw and Entwisle 2006; Wimmer and Lewis 2010) . Common explanations for the genesis of social segregation are relative group size, foci, homophily, and balance. We therefore focus on these factors.
Following Wimmer and Lewis (2010:588) , we use the term homophily for the tie-generating mechanism, which indicates a preference for the selection of similar friends, and we use the term segregation to describe the composition of a network. For clarity, we use the term homophily to indicate what is commonly called "choice" homophily (e.g., McPherson and Smith-Lovin 1987; McPherson et al. 2001) , that is, homophily net of meeting opportunities or other structural processes ("baseline" homophily). In this study, we examine segregation in social networks with regard to the ethnic and gender homogeneity found in personal social networks.
Meeting Opportunities: Relative Group Size and Foci
Theoretically and empirically, meeting opportunities are important in predicting strong tie formation (e.g., Kalmijn and Flap 2001; Flap 2008, 2014; Mouw and Entwisle 2006; Smith, McPherson, and Smith-Lovin 2014; Vermeij et al. 2009; Wimmer and Lewis 2010) . Two key dimensions of meeting opportunities are relative group size and foci (Blau 1977a (Blau , 1977b Feld 1981) ; we consider these factors because we expect they drive segregation in large online networks.
Relative group size. The relative size of a group is an important factor in friendship formation (Blau 1977a (Blau , 1977b . Levels of personal network segregation may reflect the distribution of social categories in a population. For instance, when a society consists of 20 percent minority members and 80 percent majority members, individuals' network contacts-of both majority and minority members-will consist of 20 percent minority and 80 percent majority members under the condition of random mixing.
In the Netherlands, ethnic groups' relative size varies, whereas the distribution of men and women is approximately 50/50 (Statistics Netherlands 2015) . Approximately 79 percent of people are "Dutch majority" members (Statistics Netherlands 2015) . In contrast, ethnic minority groups, who have an immigrant background, are much smaller in size. For instance, minority members with a Moroccan background compose approximately 3 percent of the Dutch population.
Given these differences, we first compare ethnic and gender segregation in online networks. If relative group size is important in explaining segregation, we would expect ethnic segregation in large personal networks to be higher than gender segregation, as the distribution of majority and minority populations is more unequal than the gender distribution. Large online networks will thus reflect these unequal distributions in the population. Considering these disparities at the level of the population at large, we propose the following hypothesis:
Hypothesis 1a: Larger online networks are more homogeneous by ethnicity than they are by gender.
Second, we compare ethnic segregation between ethnic majority and minority members. When people belong to a large group, they have ample opportunities to meet members of their own group, whereas members of smaller groups are likely to develop many ties outside their own group (likely from the majority group). Therefore, we expect ethnic segregation in online networks is higher for members of the Dutch majority group than for members of an ethnic minority. We thus propose the following hypothesis:
Hypothesis 1b: Members of the ethnic majority have more homogeneous online networks than do members of the ethnic minority.
Foci. Along with groups' relative size in a population, we consider foci and their role in friendship formation (Feld 1981 ) and segregation. A focus is defined as "a social, psychological, legal, or physical entity around which joint activities are organized" (Feld 1981 (Feld :1016 . Social contexts can be represented as sets of different foci and individuals. Individuals engage in a number of different foci but not in all of them. Two individuals who engage in the same focus are thus more likely to share activities than are two individuals who do not share a focus. Sharing foci creates "positive sentiments indirectly through the generation of positively valued interaction" (Feld 1981 (Feld :1017 . Foci bring people together in mutually rewarding situations, and individuals form ties among others on whom they spend resources, such as time and emotions. Sharing a focus therefore increases the likelihood for a (friendship) tie to emerge (i.e., in the consideration of positive ties).
What aspects of foci foster dyadic similarity between individuals? Foci themselves are segregated because there is selectivity of specific groups to participate and enroll in particular foci (Feld 1981; Feld and Carter 1999) . Hence, whereas a group's size relative to other groups is an important factor in friendship formation, these groups spread and organize in social settings in a nonrandom way. Therefore, personal networks will resemble the structural features of foci; that is, people who develop ties within foci will likely resemble one another.
Many empirical accounts illustrate that foci are segregated. In the United States and Europe, schools and school classes vary in their racial-ethnic compositions (Mouw and Entwisle 2006; Smith, Maas, and Van Tubergen 2014; Vermeij et al. 2009 ), and U.S. and European neighborhoods and cities tend to be racially and ethnically segregated (Lichter, Parisi, and Taquino 2015; Semyonov and Glikman 2009) . Accordingly, scholars have found not only that many relationships are formed in the context of some sort of focus (e.g., Grosetti 2005) , but also that homogeneity in foci fosters segregation in personal networks (e.g., Feld 1982 Feld , 1984 Kalmijn and Flap 2001; Mollenhorst et al. 2014) . This is occasionally called "inbreeding" homophily (McPherson et al. 2001) .
We consider schools and classrooms to be major foci for tie formation among adolescents (McPherson et al. 2001) , because adolescents spend a considerable amount of their time in these settings. These two settings do not capture all the foci of adolescents, and parts of the relative group size effect may be attributed to the nonrandom sorting of adolescents over foci that we do not capture in this study. Nevertheless, not all relationships originate from foci, because people may "meet 'by chance' or as a result of adjacency along some continuum" (Feld 1981 (Feld :1018 .
Foci effects are often found in segregation among core networks (e.g., Feld 1982 Feld , 1984 , and foci have similar effects on the dyadic similarity of friend and acquaintanceship networks that are measured by name-generating questions (Mollenhorst et al. 2008 ). Therefore, we assume that the foci mechanism does not vary by tie strength. We thus derive the following hypothesis:
Hypothesis 2: Ethnic and gender homogeneity in schools and classrooms predicts the ethnic and gender homogeneity of online networks.
The Interplay between Meeting Opportunities, Homophily, and Balance
Some scholars have suggested that core networks are more strongly segregated than are extended networks. Granovetter (1973 Granovetter ( :1362 , for example, states that "the stronger the tie connecting two individuals, the more similar they are" and "homophilous ties are more likely to be strong" (Granovetter 1983:210) . Putnam (2000:20) similarly speculates that strong relationships, which constitute "bonding" social capital, are more likely to exist among similar people, whereas weak ties, which create "bridging" social capital, are more likely to exist among dissimilar people. Son and Lin (2012:602) argue that people with "stronger ties are more likely to share . . . commonalities" and as ties become weaker, "the ties' characteristics become dissimilar-more diverse." What follows is an explanation of the conditions that create differences in homogeneity among stronger and weaker ties, with a focus on meeting opportunities, homophily, and balance. Two mechanisms suggest that dyadic similarity correlates with tie strength, and hence that core networks are more segregated than extended networks. The first is the homophily mechanism. According to the homophily argument, people generally prefer to befriend others similar to themselves (Byrne 1971; Lazarsfeld and Merton 1954; McPherson et al. 2001) . Homophily exists along multiple dimensions, such as gender, ethnicity, race, education, or religion. Individuals may develop a psychological preference for similar friends (Byrne 1971) , which represents an enhanced degree of psychological attraction between two similar entities (Lewis 2015) . Homophily may be driven by shared cultural norms and beliefs (Smith, Maas, and Van Tubergen 2014) , because shared norms can decrease the costs of investing in relationships (it takes less time to get to know one another) and increase returns on the investment (it becomes easier to interact) (Kalmijn 1998) .
Given that people have ample opportunities to select same-gender and same-ethnic friendships, homophily may be more pronounced among core ties than among weaker ties (Mollenhorst et al. 2008) . One reason for this phenomenon is that stronger ties are "costly" (Windzio and Bicer 2013) , because strong ties involve more time, emotional intensity, intimacy, and reciprocal services (Granovetter 1973 (Granovetter :1361 , whereas "cheaper," weaker ties deplete fewer such resources. Therefore, if possible, individuals are more likely to strengthen their relationships with similar rather than dissimilar others (Leszczensky and Pink 2015; Windzio and Bicer 2013) . Individuals perceive relationships in which they share commonalities with others to be more rewarding and less risky. People expect stable returns on investments in such relationships: it is easier to interact, and it takes less time to get to know one another because there are fewer (cultural) boundaries to overcome. Hence, dyadic similarity promotes tie strength.
The second reason why dyadic similarity would be associated with tie strength comes from the network balance mechanism. Assuming that similar dyads are more likely to be strongly connected than are dissimilar dyads, triadic closure (when A is friends with B, and A with C, then B and C are likely to connect) may occur more often among similar than among dissimilar individuals.
3 When ties are strong, unbalanced network configurations produce psychological strain for actors (Heider 1946) , which leads them to close the "forbidden" triad (Granovetter 1973) . Furthermore, an individual who has two strong ties in a triad provides opportunities for the unconnected pair to befriend each other (Feld 1981; Mollenhorst, Volker, and Flap 2011) . Additionally, the dyadic survival of a relationship in an "isolated dyad" is lower than that of a dyad embedded in a triad, due to group identity formation, group pressure, and conflict control. These group dynamics are more likely to emerge within an embedded dyad, which creates an increased probability of triadic closure (Feld 1997; Krackhardt and Handcock 2007) . Among embedded dyads characterized by a strong relationship, these dynamics may be even stronger, as these actors may more strongly call upon the group's identity and norms.
The composition of an individual's core friendship network, which is often limited to approximately five persons (e.g., Marsden 1988; McPherson et al. 2006; Smith, McPherson, and Smith-Lovin 2014) , may thus be affected by homophily and balance, more so than weaker ties (which are initially formed by opportunity). In the opportunity set of network contacts, a person may have at least five similar available people with whom relationships can be strengthened. Individuals' larger networks, however, will be more likely to reflect the structural features of the population and foci. Initially, network ties mirror the features of meeting opportunities. Over time, however, ties characterized by dyadic similarity may transition into stronger ties, whereas dissimilar dyads may remain in their existing state of loosely connected weaker ties.
To examine this empirically, we first consider the number of friends individuals have in their online network. We assume that when people create online social network accounts, they start by adding close friends and contacts. This process is similar to name generators, in which people mention their closest ties first (Marin 2004) . Additionally, Facebook promotes network closure: it prompts people to become friends with the friends of their friends, which also makes it more likely that an individual's first friends on Facebook will be strong ties. When the number of online social network friends increases, an increasing number of them will likely be weaker ties.
These factors should result in lower levels of ethnic and gender homogeneity in larger online networks, because the relative number of strong ties is lower. However, we expect that the negative association between the number of online network friends and ethnic homogeneity pertains only to members of ethnic minorities. The opportunity set of potential contacts is often shaped such that ethnic majority members are overrepresented in public life and in foci. Therefore, members of larger ethnic majority groups have limited opportunities to befriend people from smaller groups: there are fewer such persons in the population and in the foci. Among ethnic majorities, this means core networks and larger networks largely comprise majority group members. Minority group members, in contrast, meet many dissimilar others (likely of the majority group). Although they may strengthen their relationships with the few similar minority members whom they meet (because of homophily and balance), their larger network will continue to resemble the structural features of the meeting opportunities. We therefore expect individuals with larger online networks to have lower levels of ethnic and gender homogeneity-the exception being ethnic majority groups, as the opportunities for meeting co-ethnics are so widespread for this group. Specifically, we propose the following hypotheses:
Hypothesis 3a: As online network size increases, ethnic homogeneity decreases, but only among ethnic minorities.
Hypothesis 3b:
As online network size increases, gender homogeneity decreases.
We also provide a different test of the same arguments by directly contrasting ethnic and gender homogeneity among small, selfreported core networks with ethnic and gender homogeneity found in large online personal networks. Instead of examining the number of connections only in online networks, we compare core and large online networks directly. We thus hypothesize the following:
Hypothesis 3c: Core networks have more ethnic homogeneity than do larger online networks, but only among ethnic minorities.
Hypothesis 3d: Core networks are more gender homogeneous than the larger online networks.
dATA ANd MEASURES
We use the second wave of survey data on adolescents in the Netherlands, which is part of a larger project titled "Children of Immigrants Longitudinal Survey in Four European Countries" (CILS4EU) (Kalter et al. 2013 (Kalter et al. , 2015 . 4 Although data were collected in the Netherlands, Sweden, Germany, and England, the measures we are interested in are included only in the Dutch data. In the CIL-S4EU, adolescents age 14 to 15 years were followed for three years, starting in 2010, with a one-year time lag. The survey included data on many individual characteristics, attitudes, and information about the individuals with whom respondents associated with in their leisure time. The survey also contained sociometric data on friendships within classrooms (~22 pupils in a classroom). The sample was stratified by the proportion of non-Western immigrants within a school. Within these strata, schools were chosen with a probability proportional to their size (based on the number of pupils at the relevant educational level).
In wave 1 (2010 to 2011), two classes were randomly selected within the schools, which resulted in 118 schools, 252 classes, and 4,963 Dutch pupils participating in the survey. 5 Because changes in class compositions between grades are common in the Netherlands, respondents were distributed among different classes in wave 2 (2011 to 2012) that were not part of the original sampling frame.
To ensure that many wave 1 pupils also participated in wave 2, schools were asked to include more than the two classes initially sampled in wave 1 when respondents from wave 1 were in classes other than the previously sampled classes. Consequently, 2,118 new pupils were interviewed, and 3,803 of wave 1 respondents were surveyed again in wave 2 (76.6 percent; total N = 5,921). We used the second wave of the CILS4EU because it is the latest licensed data including sociometric classroom information.
The Dutch Facebook Survey
The Dutch There is selectivity in the downloaded friend lists: some respondents kept their lists private, others kept public friend lists. Girls, ethnic minority members, and unpopular adolescents are somewhat underrepresented, because they more often keep private friend lists (Hofstra, Corten, and Van Tubergen 2016b) . Various Heckman selection-model specifications (Heckman 1979) show that our results are insensitive to these selection biases.
7
The 3,252 respondents have a combined total of 1,158,227 friends, and 2,810 (86.4 percent) of the respondents whose complete friend list we downloaded also participated in wave 2 of the CILS4EU.
8 This is the number of respondents for whom we present results.
9 Table 1 summarizes the data sources and our method of arriving at the final number of respondents.
Measuring Ethnic and Gender Homogeneity in Online Networks
There is no direct measure for friends' ethnic background and gender in the Facebook network. We predicted friends' gender and ethnic background based on their first names, 10 using the Dutch Civil Registration data (hereafter, DCR) for the entire Dutch population in 2010 (N = 15,785,208; Bloothooft and Schraagen 2011) . We obtained (1) the fraction of the name carriers and (2) the fraction of the name carriers' fathers and (3) mothers who were born in the Netherlands, Turkey, Morocco, the Dutch Caribbean, other Western countries, or other non-Western countries. Additionally, we obtained the percentage of women among the name carriers.
We matched first names in the DCR to first names in the second wave of the CILS4EU survey as a training dataset. In the CILS4EU, we measured respondents' ethnic background by classifying them into one of the six largest ethnic groups in the Netherlands (Castles, De Haas, and Miller 2013) : Dutch majority, Turkish, Moroccan, Dutch Caribbean, other Western (European or English speaking), and other non-Western. Moroccan and Turkish adolescents are children of immigrants from the low-educated labor force that was recruited by the Netherlands in the 1950s and 1960s. Dutch Caribbean adolescents originate from post-colonial countries in the Dutch Caribbean (e.g., Aruba and Suriname). Western and non-Western adolescents originate from neighboring countries such as Germany or conflict areas such as Afghanistan; these immigrant groups are relatively similar across Western European countries (Smith, Maas, and Van Tubergen 2014) .
We classified respondents according to their biological parents' country of birth, which is standard practice in research on Dutch ethnic minority groups (cf. Smith, Maas, and Van Tubergen 2014; Stark and Flache 2012; Vermeij et al. 2009 ). When students have one parent who was born in the Netherlands, the student is classified into the ethnic background of the parent who was not born in the Netherlands; if a student's parents were born in different non-Dutch countries, the student is classified according to the mother's birth country. This definition is regularly applied and used by Statistics Netherlands (Statistics Netherlands 2012).
Combining the DCR and the CILS4EU, we developed an algorithm to estimate gender and ethnic segregation based on people's first names, which yields high correlations between the predicted and actual ethnicity and gender (this method is outlined in Part A of the online supplement). We calculated the percentage of women and the percentage of each of the six ethnicities in respondents' online networks. For each respondent, we assigned the percentage of same-gender friendships (i.e., the percentage of women for girls and percentage of men for boys) in their online networks.
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Finally, we assigned each respondent the percentage of co-ethnic ties in their online networks (e.g., the percentage of Dutch majority members among online network friends for the Dutch majority adolescents).
Homogeneity in Core Friendship Networks
Wave 2 of the CILS4EU has two measures that capture ethnic homogeneity and one measure that captures gender homogeneity in core friendship networks: a name generator for the five best friends in general (only for ethnicity), and a name generator for the five best friends in class (not necessarily the same friends as the former). First, we measured the actual number of friends of Dutch, Turkish, Moroccan, Dutch Caribbean, or another ethnic background using a name-generator question. Respondents could nominate their best friends (with a maximum of five) and provide ethnic background information. From these data, we calculated the percentage of co-ethnic friends among all the close friends (co-ethnic FRIENDS IN GENERAL ). We consider ethnically similar friends among best friends in general. Respondents may be more accurate in reporting ethnicities of ethnically similar than ethnically dissimilar friends. Furthermore, respondents were asked to report the ethnicities of their best friends. Respondents may more accurately report the ethnicities of their best friends than those of acquaintances. Therefore, respondents' misreporting of alter characteristics is likely reduced to a minimum.
Second, we measured the number of best friends in a class (with a maximum of five) who were girls (which is the only core-network measure available for measuring gender homogeneity) and those who were of Dutch, Turkish, Moroccan, Dutch Caribbean, other Western, or other non-Western ethnic backgrounds. We calculated the percentage of co-ethnic friends and the percentage of same-gender friends among all friends in a class (co-ethnic FRIENDS IN CLASS and same-gender FRIENDS IN CLASS ). Because these friends themselves were respondents in the survey, they self-reported their gender and ethnicity. We constructed gender and ethnic homogeneity with respect to best friends in a class with these self-reports, and hence they do not suffer from respondents' misperceptions in alter characteristics.
Homogeneity in Meeting Opportunities and Number of Online Network Friends
We constructed various measures to capture ethnic and gender homogeneity in two adolescent opportunity structures, the class and the school. First, using the CILS4EU, we measured the number of classmates who are female and those with the six ethnic backgrounds mentioned above, excluding best friends who are mentioned in the class and respondents themselves. We calculated the percentage of same-gender and co-ethnic classmates, and we excluded the respondent and the number of best friends who are mentioned. We excluded best friends because they are included in the core-network measure, and we do not want to double-count best friends across variables. With this approach, we are better able to separate the effects between variables (same-gender IN CLASS and co-ethnic IN CLASS ).
Second, we measured the number of female pupils in a school (aggregated from the classes surveyed) and the number of pupils in the school from a Dutch, Turkish, Moroccan, Dutch Caribbean, other Western, or other non-Western ethnic background (measured from secondary data obtained from the Dutch inspectorate), excluding best friends who are mentioned, other classmates, and the respondent. We calculated the percentage of same-gender schoolmates (excluding the respondent, the number of best friends who are mentioned, and the number of classmates) (same-gender IN SCHOOL ). We also measured the percentage of co-ethnic schoolmates (excluding the respondent, the number of best friends, and the number of classmates) (co-ethnic IN SCHOOL ). We measured these two variables using the CILS4EU.
We also calculated the number of online network friends from respondents' Facebook friend lists using the DFS. The distribution of the number of online network friends, if it is plotted, strongly resembles the distribution plot reported by DiPrete and colleagues (2011:1254) of the number of acquaintances reported by Americans.
Kinship Ties in Online Networks as a Confounding Factor
An issue with online versus offline friendship networks is that we restricted respondents to name friends in their self-reported core networks offline, whereas Facebook networks likely include kin. Therefore, when we contrast core networks with online networks, we compare two data sources of different sampling frames. Kinship ties in online networks might pull ethnic and gender homogeneity in different directions. Kin likely have a similar ethnicity as the respondent, whereas the gender distribution in families is likely to be 50/50. On the one hand, the presence of kin in online networks overestimates ethnic homogeneity; on the other hand, the presence of kin among Facebook friends might lead us to underestimate gender homogeneity (see McPherson et al. 2001:431) .
We identify kinship ties in online networks in two ways, using the DFS. First, Facebook allows members to show kinship tags on their profiles. We tracked the number of kinship tags on Facebook profiles and calculated the percentage of kinship tags in the Facebook network (mean = 1.1 percent). We considered realistic tags (e.g., no granddaughters, given that we study adolescents). Individuals might not tag each family member on Facebook. Therefore, we calculated the percentage of friends in the Facebook network who share a surname with the respondent (mean = 1.7 percent). Non-kin friends may have a similar surname, which makes our analyses more conservative, because individuals with similar surnames are likely of the same ethnicity.
Nevertheless, we may miss kin in online networks who are not tagged and who have different surnames. We mention where we remove kin from the online networks to avoid sampling mismatches (descriptive comparisons between core networks and the larger online networks) and where we control for these two variables (statistical tests of the hypotheses).
12 Table 2 shows the descriptive statistics for ethnic and gender homogeneity in the large online networks (including kin), core networks, opportunity structures, and kinship ties in online networks, along with the distributions of boys and girls and ethnic groups in the data.
Additional Confounding Factors
We adjust for the year in which respondents joined Facebook using the DFS (median = 2010). Respondents who were members for shorter periods may have been more selective in their online network friendships. Facebook membership duration and the number of Facebook friends are positively correlated (r = .250; p < .001).
Using the CILS4EU, we also control for educational track in high school, because such a track may be related to ethnic prejudice (Lancee and Sarrasin 2015) . When adolescents transition to high school in the Netherlands, they are placed into different tracks, which differ in their level and type of education. We measured this categorization using three dummy variables: preparatory vocational education (N = 1,358; Dutch: VMBO), senior general (N = 750; Dutch: HAVO), and university preparatory education (N = 586; Dutch: VWO). We also control for respondents' social attractiveness, which may be correlated with ethnicity (Wimmer and Lewis 2010) . We measured social attractiveness by popularity (i.e., incoming popularity nominations from other classmates) (mean = 9.357; SD = 14.566). We calculated popularity by dividing the total number of classmates' received nominations for popularity by the total number of students in the class minus one multiplied by 100. We adjust for ethnic out-group attitudes because they may be related to ethnic homogeneity in online networks. With the survey question, "Please rate how you feel towards the following groups…" respondents used a scale ranging from 0 (negative) to 100 (positive), with 10-point intervals, to rate how positively they feel toward groups of Dutch, Turkish, Moroccan, and Dutch Caribbean ethnic backgrounds. We constructed ethnic outgroup attitudes by taking the mean positivity score-on a scale from 0 to 10-of respondents' answers to this question while excluding the respondent's own ethnic group (mean = 5.011; SD = 1.997). This variable is significantly negatively related to the percentage of co-ethnic friends online (r = -.213; p < .001).
We accounted for respondents' attitudes toward gender roles when we considered gender homogeneity in online networks. We captured respondents' progressiveness toward gender roles by counting (from zero to four) how many times respondents indicated that both men and women (instead of men or women) should take care of children, cook, earn money, and clean (Davis and Greenstein 2009) (α = .73; mean = 2.689; SD = 1.352). This variable is significantly negatively related to the percentage of same-gender friends online (r = -.072; p < .001).
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RESUlTS
Ethnic and Gender Homogeneity in Online Networks
In 2014, Dutch adolescents' online social networks had, on average, 76.6 percent co-ethnic friends. If everyone connected at random on Facebook in the Netherlands, the average personal network would consist of 78.6 percent Dutch, 2.4 percent Turks, 2.2 percent Moroccans, 2.9 percent Dutch Caribbean, 9.5 percent other Western individuals, and 4.3 percent individuals with other non-Western ethnic backgrounds. However, on average, the online networks in our sample consist of 86.2 percent Dutch, 2.3 percent Turks, 1.7 percent Moroccans, 1.4 percent Dutch Caribbean, 3.2 percent other Western individuals, and 4.2 percent individuals with other nonWestern backgrounds (see Table 2 ). Table 3 shows the ethnic homogeneity of core networks and online networks, and Table  4 shows these results broken down by ethnicity (both tables exclude kinship ties in online networks). The percentage of co-ethnic friends online is 76 percent; in core networks it is 76.2 percent for friends in general (coethnic FRIENDS IN GENERAL ) and 67.5 percent for friends in a class (co-ethnic FRIENDS IN CLASS ). The correlations between co-ethnic friendships in core and larger online networks are high: .784 (co-ethnic FRIENDS IN GENERAL ) and .677 (co-ethnic FRIENDS IN CLASS ). Dutch majority members have the highest ethnic homogeneity online, 91.7 percent (co-ethnic FACEBOOK ), which resembles the homogeneity in core networks (co-ethnic FRIENDS IN GENERAL = 88.4 percent). The ethnic homogeneity of Turkish adolescents (co-ethnic FACEBOOK = 40.6 percent) is slightly higher than that of Moroccan adolescents (co-ethnic FACEBOOK = 28.5 percent). Ethnic homogeneity in online networks (~336 friends) mirrors ethnic homogeneity in core networks (~5 friends). Table 5 shows the gender homogeneity of core networks and online networks broken down by gender (excluding kinship ties). On average, respondents have 56.3 percent samegender friendships online. If everyone connected at random, such that the percentage of same-gender friendships on Facebook reflected the gender composition at the societal level, this number should be approximately 50 percent (Statistics Netherlands 2015). On average, adolescents reported 83.2 percent same-gender friends in a class. Boys had slightly more same-gender friendships online than did girls (boys = 57.1 percent; girls = 55.5 percent), but boys had approximately the same percentage of same-gender friendships in a class as did girls (boys = 83 percent; girls = 83.4 percent).
Meeting Opportunities: Relative Group Size and Foci
Relative group size. We begin by examining the role of relative group size in homogeneity in online networks. We first evaluate the extent to which ethnic and gender homogeneity estimates in online networks differ from one another (Hypothesis 1a). Figure 1 shows the kernel density smoothed distributions for ethnic and gender homogeneity in the online networks, suggesting that online networks are more segregated by ethnicity than they are by gender.
We estimated an intercept-only multilevel model in which the intercept is the sample ) is the error term at the pupil level; and β 000 is the sample mean difference in this intercept only model (the syntax for the analyses is found in Part C of the online supplement). 16, 17 With these models, we control for class and school tendencies in the difference between ethnic and gender homogeneity in online networks (Snijders and Bosker 2012) .
The intercept of the intercept-only model significantly deviates from zero (intercept = 16.8; p < .001; see Table A1 in the Appendix), suggesting that ethnic homogeneity is approximately 16.8 percent higher than gender homogeneity in online networks (Hypothesis 1a).
Second, we evaluate how the size of the ethnic majority group relative to the minority groups relates to ethnic segregation in online networks (Hypothesis 1b). We specified several multilevel regression models in order to estimate the percentage of same-ethnic friends within respondents' online networks. 18, 19, 20 We delete the missing values of the variables presented in these analyses listwise and lose 9.1 percent (N = 261) of cases in the analyses. These models can be specified as follows:
where Y ijk is the percentage of co-ethnic friendships in the online network for pupil i from class j and school k; s k 0 , c jk 0 , p ijk 0 , and β 000 specify similar terms as in Equation 1; and β 00x is a vector for the independent variables at the pupil level (e.g., ethnic background). Table 6 shows the model that estimates the percentage of co-ethnic friends Note: For the percentages of specific ethnic backgrounds within online networks broken down by respondents' ethnic background (e.g., the percentage of Moroccans in Facebook networks of Dutch majority members), see Figure A1 in the Appendix. a These estimates exclude kinship ties on Facebook. online for all respondents and separately for Dutch majority and ethnic minority members (while controlling for kinship ties in the online networks). We find relatively large effects of ethnicity on ethnic homogeneity in online networks (while controlling for ethnic homogeneity in the class and school setting). Dutch majority-group adolescents seem to have at least 31 percent more co-ethnic friendships online than do students of other ethnic backgrounds (p < .001). For instance, adolescents of Moroccan ethnic background have 43.5 percent fewer, and those of Turkish descent 31.8 percent fewer, co-ethnic online networks friendships than do Dutch majority members. Among ethnic minority members, students of Turkish ethnic background exhibit more ethnic segregation in online networks than do all of their ethnic minority counterparts: they have at least 9 percent more co-ethnic friends in their online networks ( p < .01). These variables reflect the propinquity of co-ethnic individuals in the population and relate to co-ethnic friendships in the large online networks. The results thus show that the larger majority group has significantly higher levels of ethnic homogeneity than do ethnic minority group members (consistent with Hypothesis 1b).
Foci. We now consider the extent to which the homogeneity of foci relates to homogeneity in online networks. We ask whether the percentage of co-ethnic and same-gender peers in class and in school is related to homogeneity in online networks (Hypothesis 2). In addition to the results shown in Table 6 , we estimated a multilevel regression for the percentage of same-gender ties in online networks. This model takes the form of Equation 2, but here, Y ijk specifies the percentage of same-gender friendships online. We delete the missing values of the variables presented listwise in this analysis and lose 7.8 percent (N = 212) of the cases. Table 7 shows results of this model (with kinship ties as control variables). Table 6 shows that a two-standard-deviation increase in the percentage of co-ethnic classmates increases the percentage of co-ethnic friends online by 2.1 percent ( p < .01). This relationship seems to be driven by Dutch majority members, because this variable is statistically significant for majority members ( p < .05) but not for ethnic minority members ( p > .05). Additionally, the percentage of coethnic schoolmates is associated with the percentage of co-ethnic friends in online networks for all respondents. A two-standard-deviation increase in the percentage of co-ethnic schoolmates increases the percentage of coethnic friends in online networks by 13.1 percent ( p < .001). A two-standard-deviation increase in the percentage of same-gender classmates increases the percentage of samegender friends online by 1.7 percent ( p < .001). Additionally, a two-standard-deviation increase in the percentage of same-gender schoolmates increases the percentage of samegender ties in online networks by 1.1 percent ( p < .001). Given these results, we can conclude that the ethnic and gender composition Note: Robust standard errors, adjusted for the school-identifier. * p < .05; ** p < .01; *** p < .001 (one-tailed tests).
of foci has a positive effect on the ethnic and gender homogeneity found in large online networks (consistent with Hypothesis 2).
The Interplay between Meeting Opportunities, Homophily, and Balance
Number of online network friends. We can now compare the difference in ethnic and gender homogeneity between strong versus weaker ties (Hypotheses 3c and 3d) . Before doing that, we first consider the relationship between network size and ethnic and gender homogeneity in online networks (Hypotheses 3a and 3b).
21 Table 6 shows that ethnic minority adolescents who have larger online networks also have a lower percentage of co-ethnic friends. For each 100 extra online network friends, the percentage of co-ethnic friends decreases by .7 percent. A two-standard-deviation increase in the number of friends decreases the percentage of co-ethnic online network friends by approximately 2.5 percent. For majoritygroup adolescents, the number of friends and the percentage of co-ethnic friends are not related (p > .05). The negative association between the number of friends and the percentage of co-ethnic friends is significantly stronger for minority members than for Dutch majority adolescents (p < .001; tested as the product of a dichotomous variable for Dutch/ non-Dutch ethnic background and the number of friends). This result suggests that a larger online network coincides with lower ethnic homogeneity only among ethnic minority members (consistent with Hypothesis 3a). Table 7 shows that when the number of online network friends increases, gender homogeneity decreases. A two-standard-deviation increase in the number of online network friends decreases the percentage of same-gender friends online by 5.7 percent (p < .001), which suggests that gender homogeneity is stronger among smaller online networks than among larger online networks (consistent with Hypothesis 3b).
Figures 2 and 3 depict the relationships between network size and ethnic and gender homogeneity in online networks. Figure 2 shows that the percentage of co-ethnic friendships online decreases when the number of friends online increases for ethnic minority adolescents. For ethnic minority adolescents, the number of friends in online networks is negatively correlated with the percentage of co-ethnic friends online (r = -.343; p < .001). Figure 3 shows that network size and the percentage of same-gender friendships in online networks is negatively correlated for both boys and girls (r = -.312; p < .001).
Self-reported core networks and online networks. Next, we contrast ethnic and gender homogeneity in self-reported core networks and larger online networks (Hypothesis 3c). To do so, we subtract ethnic homogeneity in online networks from ethnic homogeneity among friends in general (co-ethnic FRIENDS IN GENERAL -co-ethnic FACEBOOK ; results do not vary if we use co-ethnic FRIENDS IN CLASS ) and estimate the differences across ethnic groups between these factors in a multilevel regression model (see Table A2 in the Appendix). Members of minority groups have at least 26 percent more coethnic friends among their core friends than among their online network friends than do Dutch majority members (p < .001; we excluded self-reported core networks because these are part of the dependent variable in this model). Hence, we find evidence supporting our argument that ethnic minority members have higher levels of ethnic homogeneity in their core networks than in their larger networks, whereas we find no such association for ethnic majority members.
We also consider whether gender homogeneity in core networks is higher than in online networks (Hypothesis 3d). We estimate a multilevel model where the dependent variable is the difference between the percentage of same-gender friends in the core and online networks (samegender FACEBOOK -same-gender FRIENDS IN CLASS ). The intercept statistically deviates from zero (intercept = 29.995; p < .001; see Table A3 in the Appendix; we excluded core networks because these are part of the dependent variable), which suggests that gender homogeneity among core ties, as measured from the survey, is approximately 30 percent higher than gender homogeneity in online networks, with all other variables kept constant. The designation of gender homogeneity in classes and school as covariates does not explain away the difference. This finding suggests that, compared to larger online networks, smaller core networks tend to be more gender homogeneous (consistent with Hypothesis 3d).
Confounding Factors
We examined these differences while adjusting for a variety of factors, as shown in Tables 6  and 7 . Although the percentage of co-ethnic online network friends does not differ significantly between girls and boys, girls have slightly fewer same-gender online ties than do boys. Turkish minority members also have significantly more same-gender online network friendships than do Dutch majority members. Furthermore, ethnic minority adolescents who are more highly educated have fewer coethnic online network friendships than do their less-educated counterparts, and students in a senior general educational track have more same-gender ties online than do students in the lowest educational track. The percentage of co-ethnic friends in general and same-gender friends in a class is also positively associated with ethnic and gender homogeneity in online networks. Dutch majority members who have more positive ethnic out-group attitudes have fewer co-ethnic friends online (implying that they are more likely to connect to minority members), and adolescents who hold more progressive gender role attitudes have fewer same-gender friends online. Finally, adolescents who have more friends in their online networks with the same surnames have a higher percentage of co-ethnic friends online (consistent with the idea that kin ties increase ethnic homogeneity).
CONClUSiONS ANd diSCUSSiON
We aimed to answer three key questions that are unresolved in the literature on segregation in social networks: How high are segregation levels in large online networks? Under what conditions does this segregation occur? And how can we explain disparities in segregation between core and larger networks? We show that digital footprint data from online social networks, specifically Facebook, can be used to obtain novel and robust tests of predictions derived from seminal theories of the determinants of segregation in personal networks.
The answer to our first question is that we find high levels of ethnic segregation in online networks. Averaged over all respondents, we find that approximately three-quarters of respondents' Facebook friends are of a similar ethnic background. This ratio is on par with ethnic homogeneity in core networks.
However, if we split these estimates by ethnic group, only majority members' core and online networks are equally ethnically homogeneous, whereas minority members have lower levels of ethnic homogeneity in their online than in their core networks. Slightly more than half of online networks friends are the same gender as respondents, whereas in the core networks, the ratio was well above 80 percent.
Second, under what conditions do these patterns of segregation occur in online networks? In the tradition of Blau (1977a Blau ( , 1977b , Feld (1981) , and others who have studied the role of meeting opportunities in the genesis of core ties (e.g., Kalmijn and Flap 2001; Mouw and Entwisle 2006 ; Wimmer and Lewis 2010), we found that relative group size and social foci are strongly associated with segregation in larger personal networks. Specifically, large networks tend to mirror the structural features of the population and foci. The gender distribution in a population is often 50/50, whereas the distribution of ethnicities is much more unequal. Therefore, we hypothesized and confirmed that gender homogeneity is lower than ethnic homogeneity in online networks. Because ethnic majority members have more opportunities to meet similar others, we expected, and found, that ethnic majority members, compared to ethnic minorities, have higher levels of ethnic homogeneity in their large personal networks. Groups in society segregate over foci and the ties that emerge within them (Feld 1981) . Therefore, personal networks resemble the levels of segregation of foci. We thus hypothesized, and found, that homogeneity in foci is positively related to homogeneity among friends online.
Third, we hypothesized and corroborated that as network size increases, larger online networks are characterized by lower gender homogeneity, and that among ethnic minority groups, as online network size increases ethnic homogeneity decreases.
Our results are in line with the propositions that core ties are more segregated than weaker ties (e.g., Blackwell and Lichter 2004; Granovetter 1983; Son and Lin 2012) , that dyadic similarity fosters tie strength because returns on investments are more likely (Leszczensky and Pink 2015; Windzio and Bicer 2013) , and triadic closure is more pronounced among homogeneous triads. Personal networks initially mirror the features of meeting opportunities, but over time, similar dyads are more likely to become stronger bonds, whereas weak ties will continue to reflect features of meeting opportunities. Ethnic majority members have limited opportunities to befriend dissimilar others, as reflected in core and larger networks that are equally ethnically homogeneous.
Limitations of this Study
Four shortcomings of this study merit acknowledgment. First, the data we used might not be perfectly representative of the overall Dutch adolescent population, due to attrition rates between waves (unit nonresponse) and selectivity in which respondents are more likely to maintain a public Facebook friend list (item non-response). Future studies might utilize representative samples to generalize our findings to entire adolescent populations, to other age groups, and to other nations. However, when we estimate statistical models that account for (at least some of ) this selectivity, we do not find qualitatively different results than those presented by the main analyses, nor do other model specifications (e.g., fixed effects for classes or schools) lead to different results.
Second, predicting the ethnic background of online network friends by their names with our machine-learning algorithm may be an imperfect method, with the potential to misclassify individuals' ethnic backgrounds. More precise measurements of ethnicity among online network friends may be needed to establish robust evidence. One way to address this issue is to collect the birthplace of friends in the data and infer their ethnic background from these birthplaces. Nevertheless, there is a strong correlation between ethnic background and names (Mateos, Longley, and O'Sullivan 2011) , and we find evidence for this in our data, especially for respondents of Dutch, Turkish, and Moroccan backgrounds. Limiting our analyses to these groups did not alter our results.
Third, one might argue that Facebook networks do not capture respondents' complete networks. There may be selectivity in the Facebook friends of the analyzed respondents, and we may have missed something specific to these friends. For instance, individuals may add to their network contacts on Facebook only others with whom they most closely relate, which could potentially bias the results toward segregation. However, at a mean network size of 336, we have, at the very least, provided insight into a large portion of the complete personal network, and most certainly a larger portion of networks than has previously been investigated, as further confirmed by studies on the overall size of social networks (see note 2).
Fourth, our measurement of kin ties likely has measurement error. Kinship tags in online networks can potentially lead to false positive kin matches, as adolescents may tag non-kin as kin. We partly solved this issue by considering realistic tags among adolescents-that is, by not considering granddaughters or grandsons. Nevertheless, some kin tags may seem plausible (e.g., sibling tags) but are not kin. Despite this limitation, we believe that the number of kin tags on Facebook is correlated to the number of real family members present among kin tags-that is, the number of accurate kin tags exceeds the number of fictive kin tags. Some indication for this is the negative correlation between the number of kin tags and gender homogeneity online. However, future research may consider the strategic use of fictive kinship tags in online networks. Additionally, by determining kin based on shared surnames among online friends, we may miss kin who have a different surname than the respondent. However, the number of friends sharing a respondent's surname is positively correlated to ethnic and gender homogeneity on Facebook. This provides some evidence that this variable is a good proxy for the relative amount of kin in online networks. Future research may consider both parents' surnames, as we potentially miss kin ties to mothers' families since children more often share fathers' surnames. Despite these limitations, with our two measurement approaches to kin, we innovatively corrected for kinship ties in estimating segregation in large online networks.
Implications and Future Research
Our study elaborates the work of DiPrete and colleagues (2011), one of the few studies to investigate segregation in larger networks. DiPrete and colleagues used U.S. survey data, whereas we used Facebook data from Dutch adolescents. Despite these differences, some of the conclusions and intuitions related to DiPrete and colleagues' findings are upheld in this study; we found similar ethnic-racial segregation in core networks and larger networks (at least when the estimates by ethnic-racial groups are not split). DiPrete and colleagues (2011:1271) speculated about its causes, stating that meeting opportunities "do not play a strongly integrative role in contemporary . . . society." We aimed to use "imaginative strategies . . . to determine the individual and structural factors that can explain heterogeneity in segregation across individuals" (DiPrete et al. 2011 (DiPrete et al. :1273 . Based on expectations and considering the relative group sizes of ethnic groups and both genders (Blau 1977a (Blau , 1977b , and the segregated nature of foci (Feld 1981) , our study confirms that meeting opportunities partially drive segregation among hundreds of contacts on Facebook.
Our findings of different levels of segregation between core networks and larger networks (e.g., Blackwell and Lichter 2004; Granovetter 1973 Granovetter , 1983 Putnam 2000; Son and Lin 2012) seem to contrast with DiPrete and colleagues (2011). However, when we take into account the full range of tie-formation mechanisms, the contrast is attenuated. DiPrete and colleagues (2011) studied segregation along religious, political, socioeconomic, and racial lines-characteristics along which social settings segregate-and consequently found that both core networks and larger networks are segregated. However, we found similarity in ethnic segregation only among core and weaker ties of ethnic majority members. We specifically found that ethnic minority members have far higher levels of homogeneity among their core networks than among their larger networks, and gender homogeneity is significantly higher among core networks than among larger networks. This finding confirms the speculation (e.g., Granovetter 1973 Granovetter , 1983 ) that weaker ties are less segregated than core ties, but it also explains the findings of DiPrete and colleagues (2011). Moreover, disparities in segregation between core ties and weaker ties occur only under specific circumstances as a consequence of the interplay among meeting opportunities, homophily, and balance.
Because our study uses data on adolescents, we should be careful in generalizing our results to a broader (adult) population. However, the tie-formation mechanisms we consider are not unique to the adolescent population, and many studies show opportunity effects on segregation in other target populations (e.g., Kalmijn and Flap 2001; Mollenhorst et al. 2008) . Therefore, we conjecture that our results generalize to different target populations, such as employees, as they do for networks measured from name generators among employees (e.g., Feld 1982; Ibarra 1995) . Nevertheless, it may be difficult to empirically observe the patterns we found, given that adolescents' social contexts are well defined (see, e.g., Mollenhorst et al. 2008:62) and that schools are a major focus of tie formation (Coleman 1961; McPherson et al. 2001) .
We acknowledge that cross-sectional analyses cannot be used to establish causal direction. Nevertheless, given that the relationship between homogeneity in online networks and opportunity is robust (while controlling for many confounders), we tentatively assume that similar results will be replicated using longitudinal data. We recommend that future research considers segregation in large personal networks over time and settings as a next step to obtain potential causal estimates.
Another area for future research is feedback effects: What are the effects of large personal networks online vis-à-vis core networks offline? Will weak ties characterized by dyadic similarity turn into strong ties, and what online behaviors (e.g., Facebook wall posts) will lead people out of the mode of segregated large online networks?
Finally, future research may examine whether the implications of core network segregation, such as out-group attitude formation, result from segregation in online networks. Contact theory predicts that having more contact with out-group members reduces prejudice toward them (Allport 1954; Pettigrew and Tropp 2006) . Does this apply to the relationship between ethnic segregation in large online networks (on Facebook) and ethnic prejudice? 5. In wave 1, 600 respondents who were not part of the random sampling frame were sampled because some schools wanted to participate in the survey with more than two classrooms. Therefore, a random sample of 4,363 pupils was drawn in wave 1. Because of the attrition rates between waves 1 and 2, our sample is not necessarily representative. We included as many respondents as possible in the sample for analyses, including newcomers (nonrandom) and the nonrandom sample of wave 1, to ensure a large sample size. 6. An anonymized version of the DFS will be available in October 2017 (https://easy.dans.knaw.nl/ui/ datasets/id/easy-dataset:62379). 7. We performed robustness analyses using Heckman selection models (Heckman 1979) . Therefore, we corrected for selectivity in modeling an outcome only when a second selection equation determined that this outcome was non-missing. The errors of both equations are allowed to correlate. We correct in the selection equation for ethnicity, gender, popularity, and educational-track level. We clustercorrected standard errors for the class cluster and school cluster, because multilevel Heckman models were computationally infeasible. These analyses did not provide different results than those we present here. We present the analyses that consider the clustered data. Tables are available upon request. 8. The combined total of 1,158,227 friends is a raw count of all respondents' friendships. Respondents likely have similar friends in their online networks. Counting the unique set of friends would most likely result in a lower number. 9. The collection and use of these data for scientific purposes were internally approved by an ethical review board for the social and behavioral sciences. 10. We also assigned ethnicities based on name carriers' last names, following the procedure outlined in Part A of the online supplement. We obtained correlations similar to those based on first names. We reperformed all analyses pertaining to ethnicity, and the results are robust when we consider last names. 11. We also performed all of our descriptive analyses for ethnicity with an index of qualitative variation (IQV)-the inverse of network diversity (Agresti and Agresti 1977) . The IQV for pupil i is formally defined as follows:
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where k is the number of ethnic categories and p b is the fraction of Facebook friends in the bth category (b = 1,…, k). IQV has been used in various studies to measure (ethnic) diversity in networks (e.g., Lewis et al. 2008; Marsden 1987; McPherson et al. 2006) . In none of the analyses did the results differ from those presented in the article. 12. In removing kin from the Facebook homogeneity estimates, we assume that all kin are of a similar ethnic background as the respondent. We reduce the number of co-ethnic friends and the number of Facebook friends by the number of identified kin ties and calculate the percentage of co-ethnic friends on Facebook. We assume that half the kin ties are of similar gender as the respondent. We reduce the number of same-gender friends by half the number of identified kin and subtract the total kin ties that are identified from the number of Facebook friends. 13. Indegree popularity can be formally defined as follows:
where i is the actor, B ji indicates whether pupil j nominates pupil i as popular, and N is the total number of pupils in a classroom. 14. We also controlled for dummy variables that indicate to which stratum in the sampling frame the respondent belongs; thus, we account for some of the selectivity in the sampling strategy. In none of the analyses does this control variable lead to qualitatively different results. To keep the results parsimonious, we present the results without these variables. 15. We furthermore controlled for dummy variables that indicate respondents' generational immigration status. Categories are, for instance, Dutch majority adolescents or adolescents who have only one foreign-born grandparent. Thus, we account for differences in immigration background. In none of the analyses does this control variable lead to qualitatively different results. To keep the results parsimonious, we present the results without these variables. For more information about generational status in the CILS4EU data, see Dollmann, Jacob, and Kalter (2014) and the CILS4EU Wave 2 Codebook (2016:273). 16. Pupils from the same class may look more alike than pupils from different classes, and the proportion of variance explained at the class and school levels represents the expected correlation between two randomly selected pupils within the same class. This is defined as follows: 
17. Pupils from the same school may resemble each other more than pupils from different schools, and the expected correlation between two randomly selected pupils from the same school is defined as follows: 
18. We estimated similar models with the number of co-ethnic and same-gender friendships on Facebook and offline instead of percentages as dependent and independent variables (we controlled for network sizes). We estimated random-effect models with either a random intercept at the class or school level. We estimated fixed-effect models with dummies for schools and classes. Finally, we estimated a model with only Dutch, Turkish, and Moroccans because we could best predict these ethnicities. In none of these analyses did the results qualitatively differ from the results presented here. Full tables are available upon request. 19. We performed additional robustness analyses to investigate whether our main results are driven by socially isolated or highly connected adolescents on Facebook.
We obtained similar results when we selected respondents with more than 50 and fewer than 750 friends on Facebook in our statistical models. 20. For Dutch majority members, we performed analyses considering the percentage of co-ethnic neighborhood residents based on supplementary data from Statistics Netherlands. More co-ethnic neighborhood residents positively relate to the percentage of co-ethnic friends on Facebook. We could not perform similar analyses for ethnic minority members, because these data do not distinguish between the presence of various ethnic minority groups in a neighborhood. 21. Correlations between degree and individual properties may happen by chance. By design, there may be a negative correlation between degree and individual-level clustering in social networks. The friends of high-degree individuals are less likely to be linked than are friends of low-degree individuals (Jackson 2008) . We tested whether the correlation between homogeneity and degree originates from design. We randomly rewired the ties of Facebook networks while keeping individual degree constant; we found no correlations between degree and homogeneity in this random mixing model. We therefore assume that H 0 is r(degree, homogeneity) = 0 (for more details, see Part B of the online supplement).
